This paper estimates the long memory volatility model for 16 agricultural commodity futures returns from different futures markets, namely corn, oats, soybeans, soybean meal, soybean oil, wheat, live cattle, cattle feeder, pork, cocoa, coffee, cotton, orange juice, Kansas City wheat, rubber, and palm oil. The class of fractional GARCH models, namely the FIGARCH model of Baillie et al. (1996) , FIEGACH model of Bollerslev and Mikkelsen (1996) , and 
Introduction
Accurate modeling of volatility in asset returns is one of the major issues of concern in financial economics. Poon and Granger (2003) have mentioned that, even though volatility is not the same as risk, when it is interpreted as uncertainty, it becomes a key input to many important financial applications, such as investment, portfolio construction, option pricing, hedging and risk management. Research on volatility models has focused on such different properties of the returns series as its time-varying conditional moments, volatility clustering, asymmetric patterns and long persistence, among others.
Derivative markets, particularly commodity futures markets, have become more sophisticated since the Chicago Broad of Trade commenced futures trading in 1848. The futures price depends on the flow of information around the world. Small changes in prices could have tremendous effects on trading results across futures markets. This distinction implies that the futures market is more volatile and has high risk. This feature is also particularly important in the agricultural commodity futures market, where factors such as drought, natural disaster, deforestation, and debt default can have a major impact on demand and supply of commodities, and hence on the present and futures prices of the commodity.
In modern time series modelling, following the seminal work of Engle (1982) , a group of time series models named Autoregressive Conditional Heteroskedastity (ARCH), and later generalized by Bollerslev (1986) as Generalized Autoregressive Conditional Heteroskedastity (GARCH), has been used to model time-varying conditional volatility. The ARCH and GARCH models explain time series behaviour by allowing the conditional variance to evolve over time and to respond to previous price changes. These models consider non-linearity in the conditional mean equation, and are also able to explain volatility clustering and volatility persistence. A considerable empirical literature in commodity cash and futures markets has used a variety of GARCH models to estimate expected price and returns volatility.
The GARCH model assumes that negative and positive shocks of equal magnitude have identical impacts on the conditional variance. In order to accommodate differential impacts on conditional variance between positive and negative shocks of equal magnitude, Glosten et al. (1992) proposed the asymmetric GARCH, or GJR model. Since the positive and negative shocks on conditional volatility, called leverage effect, are asymmetric, Nelson (1991) proposed the Exponential GARCH (EGARCH) model.
In terms of volatility persistence, a GARCH model features an exponential decay in the autocorrelation of conditional variances. However, a shock in the volatility series seems to have very "long memory" and impacts on future volatility over a long horizon. Baillie et al. (2007) explained that the long memory refers to the presence of very slow hyperbolic decay in the autocorrelations and impulse response weights. Therefore, econometrically, the long memory is between the usual exponential rates of decay associated with the class of stationary and invertible ARMA models, and the alternative extreme of infinite persistence associated with integrated, unit root processes. Therefore, Baillie, Bollerslev and Mikkelsen (1996) proposed the FIGARCH(p,d,q) model, and Bollerslev and Mikkelsen (1996) proposed the FIEGARCH(p,d,q) model, where a full description of the properties of the process and the appropriate quasi-maximum likelihood estimation (QMLE) method can be found.
A number of previous papers have observed and provided application of fractional integrated models in many fields, namely stock returns , Degiannakis (2004) and Niguez % (2007) , Lux and Kaizoji (2007) , Kang and Yoon (2007) , Jefferis and Thupayagale (2008) , Ruiz and Veiga (2008) ); exchange rate (Baillie et al. (1996) , Davidson (2004) , and Conrad and Lamla (2007) ) and inflation rate (Baillie et al. (2002) ). However, in the literature to date, there have been few applications of the fractionally integrated GARCH class models to commodity futures markets. Barkoulas et al. (1997) examined the fractional structure of commodities spot prices, namely aluminum, cocoa, coffee, copper, rice and rubber. They found that some commodity spot price time series display a fractal structure, and the fractional orders vary among these commodities because the processes involved in the price movements of each commodity varies.
Crato and Ray (2000) investigated long-term memory in the returns and volatility of commodity futures market, namely five currencies, twelve agricultural commodities, three metals and heating oil, and five currencies futures markets. They found that commodity futures volatilities are typically more persistent than currency futures volatilities. However, they do not explicitly estimate the FIGARCH model. Jin and Frechette (2004) examined the presence of fractional integration in the volatility of fourteen agricultural futures prices series.
The results show that the volatility series exhibit strong long-term dependence, which is an indicator of fractional integration. In addition, FIGARCH(1,d,1) performs significantly better than a traditional volatility model, GARCH(1,1), in modelling agricultural price volatility. Baillie et al. (2007) examined long memory in volatility properties of both daily and highfrequency intraday futures returns for six important commodities. They found that the volatility processes were found to be accurately described by FIGARCH models, with statistically significant long memory parameter estimates.
Recently, Hyun-Joung (2008) explored a long memory conditional volatility model on international grain markets, namely wheat, corn and soybeans, and compared the performance of the models in capturing dependence of the price volatility, and also emphasized suitability of the student-t density intended to account for non-normal, fat-tailed properties of the data. The empirical results showed that grain cash price volatilities exhibit long memory and that the memory is adequately modelled by a fractionally integrated process and implemented by FIGARCH models. In addition, the suitability of the FIGARCH models is under the student-t distribution and the competitiveness of the parsimonious FIGARCH(1,d,0) model. Therefore, it is desirable to use long memory conditional variance models for analysis of grain price volatility dynamics.
The fractionally integrated multivariate conditional volatility model of Brunetti and Gilbert (2000) applied the univariate volatility (FIGARCH) model to multivariate GARCH models by estimating and testing cointegrated bivariate FIGARCH models using NYMEX and IPE crude oil markets. They found a common order of fractional integration for the two volatility process, and confirmed that they are fractionally cointegrated. An estimated error correction FIGARCH model indicated that the predominant adjustment is the IPE toward NYMEX. Coakley et al. (2008) The aims of the paper are to model the volatility in agricultural commodity futures returns series using a variety of conditional volatility models, namely GARCH, EGARCH and APARCH, and fractionally integrated conditional volatility models, namely FIGARCH, FIEGARCH and FIAPARCH. The remainder of the paper is as follows. Section 2 discusses the methodological approach used in the paper. Section 3 describes the commodity futures prices time series. Section 4 presents the results from empirical modelling, and Section 5
gives some concluding comments.
Econometric Models

Univariate Conditional Volatility Models
This section presents the volatility models in commodity futures returns, namely the GARCH model of Bollerslev (1986) , EGARCH model of Nelson (1991) and APARCH model of Ding et al. (1993) , and fractionally integrated conditional volatility models, namely FIGARCH model of Baillie et al. (1996) , FIEGACH model of Bollerslev and Mikkelsen (1996) , and FIAPARCH model of Tse (1998) .
Following Engle (1982) Bollerslev (1986) is given as follows:
1 1 
In (2) the parameter j α represents the ARCH effect, or the short-run persistence of shocks to returns, j β represents the GARCH effects, and ( )
measures the persistence of the contribution of shocks to return i to long-run persistence. If the roots of ( ) ( ) Glosten et al. (1992) proposed the asymmetric GARCH, or GJR model, as given by
where 0, 0
is an indicator function to differentiate between positive and negative shocks. Bollerslev In an alternative model that accommodates asymmetry between positive and negative shocks, and possibly also leverage, Nelson (1991) proposed the Exponential GARCH (EGARCH) model, interpreting as ARMA-type models for the logarithm of the conditional variance, namely:
In ( Alternatively, Bollerslev and Mikkelsen (1996) proposed expressing the EGARCH model as follows:
The value of ( ) t g z depends on several elements. Following Nelson (1991) , in order to accommodate the asymmetric relation between returns and volatility changes, the value of ( ) t g z must be a function of both the magnitude and sign of t z , which yields the function
The parameter 1 γ captures the leverage effect. If 1 0 γ < , the futures conditional variances will increase proportionally more as a result of a negative shock than for a positive shock of the same absolute magnitude.
Ding, Granger and Engle (1993) ( )
and 1 1
q . This model nests a least seven ARCH-type models, namely the ARCH model of Engle (1982) , GARCH model of Bollerslev (1986) , Taylor/Schwert GARCH in standard deviation of Taylor (1986) and Schwert (1990) , GJR model of Glosten et al. (1993) , TARCH of Zakoian (1994) , NARCH of Higgins and Bera (1992) , and log-ARCH of Geweke (1986) and Pantula (1986) . Following Ding et al. (1993) 
, a stationary solution for equation (7) exists and is given by ( )
In order to estimate the parameters of model (1)- (7), maximum likelihood estimation is used with a joint normal distribution of t η . However, when the process for t η does not follow a normal distribution, or when the conditional distribution is not known, the solution to maximizing the likelihood function is the quasi-MLE (QMLE) approach.
Univariate fractional integrated conditional volatility models
The long memory property can be defined through the properties of the autocorrelation function, which is defined as ( ) ( ) 
, and all the roots of ( )
However, volatility tends to change quite slowly over time and, as shown in Ding, et al. (1993) , the effects of a shock can take a considerable time to decay. Therefore, the distinction between I(0) and I(1) processes seems to be too restrictive. Indeed, the propagation of shock in an I(0) process shocks dies out at an exponential rate (so that it only captures short memory) and, for an I(1) process, the persistence of shocks is infinite and there is no mean reversion, whereas 0 1 < < d shocks die out at a slow hyperbolic rate. Baillie et al. (1996) (hereafter denoted BBM) introduced the fractionally integrated GARCH (FIGARCH) model in order to capture the long memory effect in volatility, allows a hyperbolic decay of the coefficient j β , which is positive, summable, and satisfies the unit root condition. This model mimics the ARFIMA framework of the conditional mean equation.
The FIGARCH(p,d,q) process is defined as:
where all the roots of ( )
lie outside the unit circle. Analogously to (9), the FIGARCH process can be represented as:
fractional differencing operator, and its value depends on the decay rate of a shock to conditional volatility. It is also most conveniently expressed in term of the hypergeometric function:
It is easy to show that 
In order to accommodate asymmetries between positive and negative shocks, called the leverage effect, Bollerslev and Mikkelsen (1996) 
where ( )
, the first term ( ) Nelson (1991) , and when 1 d = , the process becomes integrated EGARCH (IEGARCH). Bollerslev and Mikkelson (1996) presented evidence on the efficiency of QMLE applied to estimate the parameters of the FIEGARCH process. Tse (1998) proposed a model which combines the fractionally integrated GARCH formulation of Baillie et al. (1996) with the asymmetric power ARCH specification of Ding, Granger and Engle (1993) (see Ling and McAleer (2002) for the theoretical properties of the model). This model increases the flexibility of the conditional variance specification by allowing (a) an asymmetric response of volatility to positive and negative shocks, (b) the data to determine that power of returns for which the predictable structure in the volatility pattern is the strongest, and (c) long range volatility dependence. The FIAPARCH(p,d,q) model can be written as:
where γ is the leverage coefficient, and δ is the parameter for the power term that takes 
Data
The data are daily synchronous closing futures prices of agricultural futures on different major US commodity futures markets, specifically, the Chicago Broad of Trade (CBOT) for corn, oats, soybeans, soybean meal, soybean oil and wheat; the Chicago Mercantile Exchange (CME) for cattle feeder, live cattle and pork, the New York Broad of Trade (NYBOT) for cocoa, cotton, coffee and orange juice, and Kansas City Broad of Trade (KCBOT) for wheat. Figures 1-2 present the plots of synchronous agricultural commodity futures returns. These indicate volatility clustering, or periods of high volatility followed by periods of tranquility, such that agricultural commodity futures returns fluctuate in a range smaller than the normal distribution. However, there are some circumstances where agricultural commodity futures returns oscillate in a much wider scale that is permitted by a normal distribution.
[Insert Figures 1-2 here]
The unit root test for all commodity futures returns are summarized in [Insert Table 2 here]
Empirical Results
This section investigates a relevant framework of the conditional variance model through comparison among different specifications. The univariate conditional volatility model, namely the GARCH model of Bollerslev (1986) , EGARCH model of Nelson (1991) and APARCH model of Ding et al. (1993) , and fractionally integrated class of models, namely the FIGARCH model of Baillie et al. (1996) , FIGARCH model of Chung (1999) , FIEGARCH model of Bollerslev and Mikkelsen (1996) , FIAPARCH model of Tse (1998) , and FIAPARCH model of Chung (1996) with Gaussian errors, are estimated by QMLE, which allows for asymptotically valid inferences when the standardized innovations are not normally distributed. Corresponding estimates are obtained using the BFGS algorithm. The computations are performed using the Ox/G@RCH 4.2 econometrics software package of Laurent and Peters (2006) .
[Insert Table 3 here]
The univariate estimates of the conditional volatilities, GARCH(1,1), EGARCH(1,1) and APARCH(1,1) of each agricultural commodity futures returns are given in Tables 3 to 5 .
Their respective estimates and robust t-ratios of each parameters are presented including information criteria, namely AIC and SIC. Table 3 presents the estimates of the GARCH(1,1) models from equation (1) and (2) for commodity futures returns. The coefficients in the conditional variance equation are all significant, but with corn, cotton and wheat (Kansas City wheat), only in the long run. The details of the univariate estimates relating to the structural properties, namely the second moment and log-moment conditions, based on agricultural commodity futures returns, are available from the authors upon request.
[Insert Table 4 here] Table 4 shows the estimates of the EGARCH(1,1) models from equations (5) and (6) variance is not present. Therefore, the GARCH model is preferred to EGARCH for live cattle, soybeans, soybean oil and palm oil.
[Insert Table 5 here] Table 5 presents the estimates of the APARCH(1,1) model from equation (7) for agricultural commodity futures returns. The power ( ) δ term estimated for APARCH is statistically significant for each of these commodity futures returns, ranging from 0.700 for Chicago wheat to 1.779 for soybean oil. The asymmetric ( ) γ term in the APARCH(1,1) model is statistically significant in 7 of 16 cases, whereas only 5 commodities, namely coffee, soybeans, soybean meal, soybean oil, and Kansas City wheat, has 0 γ < , which means that these conditional volatilities have leverage effects. These results suggest that GARCH is not appropriate for commodity futures returns.
[Insert Table 6 here]
The parameters estimated for the FIGARCH-BBM(1,1) and FIGARCH-Chung(1,1) models are summarized in Tables 6-7. Table 6 presents the estimated FIGARCH-BBM(1,1) from equation (9). The ARCH effects are statistically significant in 10 of 16 agricultural commodity futures returns, while the GARCH effects are statistically significant in 15 of 16 agricultural commodity futures returns. However, the sum of the ARCH(1) and GARCH (1) effects is greater than one in 6 commodities, namely live cattle, cattle feeder, cocoa, coffee, corn and cotton, which indicates nonstationarity. The estimated d parameters in FIGARCH in all commodity futures returns lie between 0 and 1, indicating the stability of the process, but for cotton the estimated d parameter is not statically different from 0, so it reduces to the GARCH model.
[Insert Table 7 here]
The results for the FIGARCH-Chung model from equation (13) are reported in Table 7 , and mirror those in Table 6 . The GARCH effects are statistically significant for 15 of 16 commodity futures returns, but the ARCH effects are statistically significant for 12 of 16 commodity futures returns. There are 6 commodities, namely live cattle, cattle feeder, cocoa, coffee, corn and cotton, for which the sum of the ARCH(1) and GARCH(1) effects is greater than 1, indicating nonstationarity. However, the estimated d parameters in the FIGARCHChung model in all agricultural commodity futures returns are statistically significant, and lie between 0 and 1, thereby indicating the stability of the process. Therefore, the FIGARCHChung model is preferred to FIGARCH-BBM.
[Insert Table 8 here] [Insert Tables 9 and 10 here] Tables 9 and 10 show the estimates of the FIAPARCH(1,1) model of Tse (1998) and FIAPARCH(1,1) model of Chung (1999) , respectively. Table 9 γ < , so that these conditional volatilities have leverage effects. In addition, the estimated d parameters for all agricultural commodity futures returns are statistically significant, which leads to the same conclusion as FIAPARCH(1,1)-Chung, namely that FIGARCH is not appropriate for modelling commodity futures returns.
Concluding Remarks
The paper estimated the long memory volatility model in 16 agricultural commodity futures returns from different futures markets, namely CBOT for corn, oats, soybeans, soybean meal, soybean oil and wheat; CME for live cattle, cattle feeder and pork; NBOT for cocoa, coffee, cotton, and orange juice; KCBT for wheat; TOCOM for rubber (RSS3); and MDEX for palm oil. The class of fractional GARCH models, namely FIGARCH of Baillie et al. (1996) , FIEGACH of Bollerslev and Mikkelsen (1996) , and FIAPARCH of Tse (1998) , were estimated and compared with the GARCH model of Bollerslev (1986) , EGARCH of Nelson (1991) , and APARCH of Ding et al. (1993) .
The empirical results showed that, following the outcomes of the unit root tests, all agricultural commodity futures returns series were found to be stationary. The EGARCH
(1,1) model out-performed GARCH(1,1), and the APARCH model was also preferred to GARCH(1,1). The robust t statistics of the estimated d parameters, indicating long term dependence, suggested evidence of fractional integration in most agricultural commodity futures markets. Consequently, the fractionally integrated models, namely FIGARCH(1,d,1) and FIEGARCH(1,d,1), performed significantly better than traditional conditional volatility models, such as GARCH(1,1) and EGARCH(1,1). Notes: (1) The two entries for each parameter are their respective parameter estimates and robust t-ratios.
(2) Entries in bold are significant at the 5% level. Notes: (1) The two entries for each parameter are their respective parameter estimates and robust t-ratios.
(2) Entries in bold are significant at the 5% level. 
